aBstRact: this paper examines the effects of social network structures on prediction market accuracy in the presence of insider information through a randomized laboratory experiment. In the experiment, insider information is operationalized as signals on the state of nature with high precision. Motivated by the literature on insider information in the context of financial markets, we test and confirm two characterizations of insider information in the context of prediction markets: abnormal performance and less diffusion. Experimental results suggest that a more balanced social network structure is crucial to the success of prediction markets, whereas network structures akin to star networks are ill suited to prediction markets. As compared with other network structures, insider information has less positive effects on prediction market accuracy in star networks. we also find that the bias of the public information has a larger negative effect on prediction market accuracy in star networks.
tHe wisdom of cRowds is Based on tHe assumption that valuable knowledge in social systems frequently exists only as dispersed opinions, and that aggregating dispersed information in the right way can produce accurate predictions. A prediction market provides a vivid illustration of the power of the wisdom of crowds [11, 23] . A prediction market is a betting market for future uncertain events, which can produce accurate predictions by collecting and aggregating dispersed information. the prediction market mechanisms provide a method of "putting your money where your mouth is" [19] . People "place bets" on events that they think are most likely to happen, thus revealing in a sense the nature of their private information and subsequent posterior beliefs. A prediction market is becoming a powerful tool in companies' increasingly sophisticated toolboxes of predictive analytics.
In numerous well-known prediction markets, participants are the general public without special knowledge on the prediction topics. for example, in the Hollywood Stock Exchange, a prediction market forecasts opening weekend box office success, and many people participate simply on the basis of the entertainment value [44] . In the Iowa Electronic Markets, participants are allowed to buy and sell "shares" of candidates in u.S. and even foreign elections. In such cases, highly accurate information on targeted events is generally not available to the public. In the past few years, many large firms such as Hewlett-Packard, google, Microsoft, and Intel have experimented with internal prediction markets to improve business decisions and learn how employees exchange information [15] . In these internal prediction markets, participants are selected specifically from different parts of the business operation, and some of them may have highly accurate information about the targeted event. Such information, with high precision and possibly less diffusion among participants, mimics to a certain extent insider information in financial trading. Hence, we call such information "insider information" in prediction markets. Enterprises that wish to utilize prediction markets for decision support must consider various design factors [33] . the effects of social network structures and insider information on prediction market accuracy have been overlooked in the design of many internal prediction markets and have been minimally discussed in the literature [26] .
the lack of relevant academic research and the rising popularity of internal prediction markets motivate us to explore the following research question:
RQ: Does the structure of the underlying social network play a role in the performance of a prediction market in the presence of insider information?
the role of insider information has been widely debated in the context of financial markets. In financial markets, corporate officers, directors, and large stockholders, who are commonly called "insiders," have access to information superior to that of outsiders. Prior research has focused on the amount of special information insiders possess as well as in the profit they earn from such knowledge [17, 37, 42] . In general, insider information has two main characteristics: first, trading profits are greater for traders who possess insider information. Rogoff [37] found that the returns to the insiders are on average 9.5 percent greater than the return to the stock market as a whole. Second, there is a small number of people who can access inside informa-tion [31] . One clear message that arises from the debate is that insider information passed through social networks enables individuals to gather superior information and earn abnormal returns on their stock transactions.
using a laboratory experiment, we operationalized the concept of insider information in a prediction market context to study the effect of social network structure on prediction market performance in the presence of insider information. More specifically, we allowed participants to access information sources of differing quality: Participants could choose to acquire a high-precision signal at a high cost, a lowprecision signal at a low cost, or no signal. we designated the highly precise signals as insider information because of the experimental evidence that such signals have two characteristics analogous to those of insider information that were discussed above: 1 (1) participants who acquire high-precision signals have abnormal performance, and (2) as compared with participants who acquire low-precision signals, participants who acquire high-precision signals are much less likely to share the signals with others, hence significantly limiting the number of participants with access to such signals.
Experimental results suggest that a more balanced social network structure is critical to the success of prediction markets, whereas network structures akin to star networks are ill suited to prediction markets. Although the availability of insider information improves prediction market accuracy, as compared with other network structures, insider information has less positive effects on market accuracy in a star network. we also find that the bias of the public information available to participants has a larger negative effect on prediction market accuracy for a star network than other types of networks. In the present study, we advance our understanding of critical features for internal prediction market design, such as network structures, insider information, and public information bias.
A critical maintained assumption underlying laboratory experiments is that findings from the laboratory are likely to provide reliable inferences outside the laboratory. Contextual factors in experimental instructions are beyond the control of the experimenter and may have profound effects on the generalizability to real-world scenarios. One approach to effectively "net" out laboratory effects is to perform a difference-in-difference (DID) estimation strategy [32] . In the present work, we recognize the potential weaknesses of the laboratory experiments and identify the causal relationship between network structure and prediction market accuracy using a DID estimation. the rest of the paper is organized as follows. we review related literature in the second section. In the third section, we outline a simple analytical model that captures the strategic aspect of the experiment. we describe the experiment and present our analysis of the experimental results in the fourth section. In the fifth section, we conclude the paper.
Literature Review in tHe pResent study, we add to tHe ReseaRcH on infoRmation systems by offering a new perspective on social networks and prediction markets. In some recent theoretical work, researchers examined the effect of information exchange and social networks on individual behavior and market performance. Qiu et al. [35, 36] found that the effect of social networks on prediction markets depends on the cost level of information acquisition. we depart from the literature by further exploring the effect of the underlying structure of a social network on prediction market accuracy and by considering the presence of insider information. More specifically, we first extend the theoretical model so that a participant can get better information by exerting more effort in a continuous fashion that leads to the concept of insider information. Consequently, in the present experiment, participants chose from acquiring a high-precision signal at a high cost, a low-precision signal at a low cost, or acquiring no signal. Such a setting allows us to study the effect of social network structures on prediction market accuracy in a richer environment.
Han and yang [25] highlighted the importance of information acquisition in examining the implications of information networks for financial markets: when information is exogenous, social communication improves market accuracy, but it hurts market accuracy when information is endogenous because of traders' incentives to free-ride on informed friends.
Our present study also contributes to existing literature on organizational structure. Social communications among employees has long been viewed as a crucial determinant of the optimal organizational structure. Cowgill et al. [15] showed that internal prediction markets provide insight into how organizations process information. they found correlated trading decisions among employees with social or work relationships. Csaszar and Eggers [16] investigated how the performance of information aggregation mechanisms depends on the organization structure.
Other researchers have examined the effects of network structures using laboratory experiments. Charness et al. [10] performed an experimental test and investigated how network structures affect the outcomes and dynamics of bargaining. Carpenter et al. [8] and Rosenkranz and weitzel [38] studied the impact of network structures on the effectiveness of mutual monitoring and punishment in a public goods game. Cassar and Rigdon [9] explored the effect that network structure has on trust and trustworthiness in bilateral exchange. In a field experiment capturing real-world characteristics of social networks, Bapna et al. [5] studied the effect of the strength of social ties on facebook. to the best of our knowledge, our present study is the first to examine the effects of social network structures on prediction market accuracy through a laboratory experiment. Although internal prediction markets have been successfully leveraged in many companies, their adoption for decision support is quite modest. understanding the effects of network structures and insider information can facilitate future design of internal prediction markets.
A Simple theoretical Model
extending tHe tHeoReticaL woRK in Qiu et aL. [36] , we set up a simple model of an internal prediction market with a continuous form of information acquisition.
A manager resorts to n participants (employees) to forecast the realization of a random variable V (V could be sales, profit, or a product's quality ratings). for ease of exposition, we refer to the manager as "he" and each participant as "she."
Participants in the internal prediction market are linked to each other according to an underlying social network. In an organization, the social network can be formed because employees work concurrently on the same project or share the same office [15] . the social network Γ = (N, L) is given by a finite set of participants in the internal prediction market N = {1, 2, ..., n} and a set of friendship links L ⊆ N × N. the social connections between the participants are described by an n × n dimensional matrix denoted by g ∈ {0, 1} n×n such that
Let N i (g) = {j ∈ N: g ij = 1} represent the set of friends of participant i. the degree of participant i is the number of participant i 's friends: k i (g) = #N i (g). In our model, the social network is considered as a random graph. Random graphs have been widely used in network analysis [1, 18, 20, 28] . they exhibit a variety of features found in empirical network studies. while random graphs miss social and economic incentives that underlie network formation, they are a primary tool in analyzing various observed networks [28] .
the information structure of our prediction market model follows the standard assumptions in the finance literature [4, 45] : Before receiving any private information, the manager and the participants share a common prior on the distribution of V, given by (1) where ρ V is the precision of the prior. figure 1 shows the timeline. Each participant can observe an imperfect private signal and pass it to her friends: (2) where ρ ε is the precision of participant i 's information source for i = 1, 2, ..., n. the signals' errors ε 1 , ..., ε n are independent across participants and are also independent of V. the acquisition of information is costly in a continuous form: the precision ρ ε is given by a continuous function ρ ε (m i ), where m i is the effort level of player i. we assume that Participants exchange information over a social network. for simplicity, we assume that they can observe their direct friends' information, but not that of their secondorder friends (friends' friends).
the manager designs a quadratic loss function 4 to elicit the private information of participants. A participant's payoff function is given by
where x i is the prediction reported by participant i, and b(x i -V ) 2 is a quadratic penalty term for mistakes in the forecast.
In the model, a participant follows a two-stage decision procedure. In the first stage, all of the participants decide the effort level of information acquisition simultaneously. In the second stage, a participant makes use of her signal, as well as of the signals of her friends, to report her best prediction.
we first focus on the optimization problem in the second stage. In this stage, participant i 's best prediction x i * depends on whether participant i and her friends acquire information; thus, x i * is a function of m i and m N i (g) , where m N i (g) is the action profile of participant i 's friends, and it represents participant i 's friends' effort levels of information acquisition.
following galeotti et al.
[20], we assume that each participant observes her own degree k i , which defines her type, but does not observe the degree or connections of any other participants in the network. Each participant's belief about the degree of her friends is given by
where k max is the maximal possible degree, and ∆{1, ..., k max } k i is the set of the probability distribution on {1, ..., k max } k i . for simplicity, we make an assumption that friends' degrees are all stochastically independent, which means that participant i 's degree is independent from the degree of one of her randomly selected friends. this assumption is true for many random networks, such as the ErdoÉ s-Rényi random graph [18] .
A strategy of participant i is a measurable function m i : {1, ..., k max } → [0, 1]. this strategy simply says a participant observes her degree k i , and on the basis of this information she decides the effort level of information acquisition. we focus on symmetric Bayes-Nash equilibria, where all participants follow the same strategy σ. we say that participant i 's strategy
If the strategy is nonincreasing, the higher-degree participants exert a lower effort level to acquire information. Proposition 1 gives us the basic result of the Bayes-Nash equilibrium. the proof is presented in Appendix A. Proposition 1 shows that the more friends a participant has, the less willing she is to acquire precise information. Here, well-connected participants exert lower effort but earn more than poorly connected participants.
After the decision on information acquisition, each participant reports her best prediction. the purpose of prediction markets is to generate fairly accurate predictions of future events by aggregating the private information of a large population. following the approach developed in Van Bruggen et al. [43] , we assume that the manager adopts a simple averaging rule, and his prediction is 1/nΣ n i=1 x i * . 5 An Experimental Analysis on Network Structures, Insider Information, and Prediction Market Accuracy in tHis section, we examine tHe effect of sociaL netwoRK stRuctuRes on prediction market accuracy under a controlled laboratory experiment. Our experimental results demonstrate that network structure has a significant impact on an individual's behavior regarding information acquisition and prediction market performance. the effect of insider information also crucially depends on network structures.
we recruited 144 undergraduate students from a large university with no previous experience in prediction markets experiments. Each subject was given 15 minutes of instruction (the instructions can be found in Appendix B). then, we conducted 4 experiment sessions consisting of 36 participants, each divided into 9 groups of 4 randomly assigned participants. the average earnings were $8.87 per person, including $5 for showing up.
Experimental Design
Similar to the setup of the theoretical model, the participants were essentially asked to predict a random variable V during the experiment. the common prior is given by Equation (1), and in the experiment we set V 0 = 10, and ρ V = 0.5.
to make our experiment easy to understand, we modify the setup of information acquisition in the theoretical model. A participant has three possible choices for information acquisition after observing the number of connections she has: a high-precision signal (ρ ε = 2) costing $1, a low-precision signal (ρ ε = 1) costing $0.5, or no signal.
As mentioned earlier, the higher-priced signal provides better information than the lower signal; therefore, we call this "insider information." Since participants paying for the high-precision signal have the best knowledge of the market, we call them "insiders."
Once all the decisions of information acquisition are made, the participants are free to communicate over the given network. 6 the experiment was made up of four different treatments of network structures: (1) baseline treatment, nonnetworked environment; (2) star network; (3) circle network; and (4) complete network. they are illustrated in figure 2 . following a large and growing number of experiments on network structures [8, 10, 38] , the network size in our experiment is four. In network structures 1, 3, and 4, the permutation of network positions does not matter, and all the participants have equal degree. we call these "network structures with equal degree." However, in the star network, the central participant is significantly more influential than anyone else. Despite their simplicity, these four drastically different network structures may enable us to clearly identify the effect of social network structures on prediction market performance.
Our experiment ran on a computer system specifically designed for this study. Each subject was seated at a computer terminal. throughout the experiment, the subjects were not allowed to communicate in person and could not see others' screens. the only communication channel available to them was to chat via designated gmail accounts. In the baseline treatment, N i (g) = ∅, each participant was isolated. In the complete network, participant i was connected to three other participants (we call them participant i 's "friends"). Similarly, the communication networks are given by a star network and a circle network in treatments 3 and 4, respectively. Note that a participant knows the exact number of her connections before she makes choices about information acquisition.
finally, the participants submitted their forecasts about V. After the experiment, the computer system calculated the total payoff of each participant according to the payoff function (3). we set a = 5 and b = 1. we were interested in testing the following hypotheses. H1 and H2 validate Proposition 1 in the analytical model and further examine the results in prior research [3] in the presence of insider information. H3, H4a, and H4b can be viewed as the characteristics of insider information [31, 37] , and the support of them will justify our operationalization of the concept of insider information in prediction markets. In addition, H3 is related to the literature on information sharing [24] , where it is found that scientists are less likely to share more valuable information about their research. In our context, participants are less willing to share the highly precise signals they purchased at a high cost.
H4a and H4b are additionally motivated by the increasing literature on social networks and financial markets. In H4a and H4b, we examine the effect of insider information on the individual's prediction performance and earnings. Coval and Moskowitz [14] found that social networks help fund managers earn above-normal returns in nearby investments: the average fund manager generates an additional 2.67 percent return per year from local investments, relative to nonlocal holdings. Cohen et al. [12, 13] found that portfolio managers place larger concentrated bets on stocks they are connected to through their education network and do significantly better on these holdings relative to nonconnected holdings. H5, H6, and H7 examine the role that social network structures play in prediction markets. H5 and H6 are motivated by a large body of literature on network structures. In a laboratory experiment, Carpenter et al. [8] demonstrated that network structures have a significant impact on the behavior of subjects in public goods games. golub and Jackson [21] theoretically showed that the existence of small prominent groups of opinion leaders is an obstacle to the wisdom of crowds. the wise crowd fails when one participant receives a substantial amount of attention from everyone and becomes significantly more influential than anyone else. the central participant in our star network is in a similar position among participants as the opinion leader in their model. thus, the test of H5 and H6 in our experiments can also shed some light on empirical evidence of their theoretical predictions. gruca and Berg [22] evaluated the effect of public information bias on prediction market accuracy. they found that when the public information has a bias, the forecasts generated by prediction markets will be more accurate than those generated by the public information. Motivated by monetary gains, prediction market participants have incentives to correct known biases in publicly available information. In this paper, we further examine the effect of public information bias under different network structures in H7. Because of the inefficient information aggregation of a star network [21], the negative effect of the public information bias is larger in star-networked prediction markets.
the Effect of Degrees on Information Acquisition and Earnings
Before we test H1 and H2, we first summarize in table 1 the statistics of participants' predictions under different network structures. 7 By calculating the standard deviations of predictions under different treatments, we find that the standard deviation under a complete network is significantly lower than the standard deviation under a nonnetworked environment (0.830 versus 1.530, p < 0.01), which suggests that communication leads to more consensus about the true value.
In H1 we essentially examine whether participants' information acquisition behavior is consistent with the equilibrium strategy; in H2 we examine whether more social connections lead to higher payoffs. to test these hypotheses, we first run a multinomial logit regression of participants' information acquisition decisions on their degree. the three possible outcomes for information acquisition are acquiring a high-precision signal (acquisition = 2), acquiring a low-precision signal (acquisition = 1), and acquiring no signal (acquisition = 0). the explanatory variables are the number of connections (degree) and a dummy variable, sdummy, indicating whether the participant having three connections is in a star network. Participants having three connections can be embedded either in a complete network or in a star network (the central participant), so we add sdummy in the regression. the results are given in table 2. we find that participants' information acquisition behavior is indeed consistent with the equilibrium strategy predicted by the analytical model: A larger number of connections leads to a lower probability of information acquisition. One more connection reduces the logodds between acquiring a low-precision signal and not acquiring a signal by -0.478, and reduces the log-odds between acquiring a high-precision signal and not acquiring a signal by -0.504. Next, we run an ordinary least squares (OLS) regression of earnings on the degree, the cost of information acquisition, and the star network dummy variable: A small sample size is a common problem for an experimental method. the validity of z-statistics depends on the asymptotical distribution of large samples. when the sample size is insufficient for straightforward statistical inference, bootstrapping is useful for estimating the distribution of statistics without using asymptotic theory. In column 2 of table 3, we use bootstrapping to compute the standard errors and find that the result is robust. 8 A striking pattern in the data is that earnings (without show-up fee) are remarkably skewed (skewness = -2.019). the percentage histogram for earnings is shown in figure 3 .
Quantile regression analysis is particularly useful when the conditional distribution of earnings is not symmetric and does not have a "standard" shape [30] . the quantile regression models allow us to account for unobserved heterogeneity and heterogeneous covariates effects. In figure 4 , we plot the parameter estimates b 1 of the quantile regressions based on Equation (4) . there are nine estimated quantile regressions with 0.1, 0.2, . . . , and 0.9 quantiles. the parameter estimates of the quantile regressions are connected by the solid line, with the shaded area being their 95 percent confidence intervals. the OLS effects estimate shown in table 3 and its 95 percent confidence interval are plotted as horizontal lines in this figure. we find that the quantile regression parameter estimates decrease with quantiles in general. when the quantile is low, the quantile estimates are significantly positive. However, as the quantile increases, (4) the estimates decrease. this suggests that the impact of degree on earnings is more pronounced for lower quantiles. It is also interesting to observe that the confidence intervals of quantile regression estimates do not overlap with the OLS confidence interval for low quantiles. therefore, the effect of degree on earnings is found to exist primarily at the lower quantiles of the earnings distribution, and the OLS estimate tends to underestimate this effect for lower quantiles. the experimental results in tables 2 and 3 thus support H1 and H2. Because of the randomization of the network position assignments, our experimental results do not suffer from the identification problem related to the endogenous network structure and reveal causality rather than mere correlation.
the Diffusion of Insider Information the effect of social networks on information diffusion and dissemination has been widely discussed in the literature [2, 27, 39, 40] . In our present experiment, the participants used the designated gmail accounts to communicate with each other. using their chat information we can examine the diffusion of private signals with different precisions and test H3. we define the sharing percentage as the percentage of a participant's friends with whom the participant shares information. figure 5 shows that participants who acquire high-precision signals are less likely to share information with their friends than participants who acquire low-precision signals. this implies that the diffusion of insider information is very limited and supports H3. this finding is consistent with a characteristic of insider information: the number of participants who can access insider information is much smaller than the number of outsiders [31] . this is one reason why we designate the highly precise information as insider information.
to further examine the diffusion of insider information, we run an OLS regression as follows:
where share is the sharing percentage, and insider is a dummy variable indicating whether participant i receives insider information (a high-precision signal). the control variables are degree and sdummy. Note that in this regression, we exclude the participants who do not have friends or do not acquire information. table 4 presents the regression results; we are interested in the coefficient b 3 . In column 1, we find that receiving insider information significantly reduces participants' willingness to share information: the average sharing percentage of insiders is 69.2 percent less than that of participants who acquire a low-precision signal after controlling for network structures. Column 2 shows that the result is robust when we use bootstrapping.
the Effect of Insider Information on Individual Prediction Accuracy
H4a predicts that participants who acquire insider information have higher prediction accuracy. following Van Bruggen et al. [43] , the prediction accuracy of participant i is given by In table 5 , the dependent variable, accuracy, is the individual's prediction accuracy. the dummy variable, insider, indicates whether a participant acquires insider information. the variable lsignal denotes a dummy that is equal to one if a participant acquires a low-precision signal. the control variables are degree and sdummy. the regression model is given by the following equation: the coefficient on insider is 0.0328 and significant. the coefficient implies that obtaining insider information in our experiment is associated with a roughly 3.28 percent increase in the focal participant's prediction accuracy. this experimental result is consistent with the empirical findings by Cohen et al. [13] : Analysts gain a comparative information advantage through their social networks. Coval and Moskowitz [14] showed that mutual fund managers earn abnormal returns in nearby investments. they think that mutual fund managers and local corporate executives run in the same circles, belong to the same country club, and so forth. this result is supported by the literature on insider information: Insider information allows insiders to obtain a higher than average rate of return in the market [37] . Our result is also robust to the use of bootstrapping in column 3 of table 5 .
In column 2 of table 5, the coefficient on lsignal is positive but not significant. this result shows that receiving a low-precision signal from others does not significantly improve the prediction performance. this is one reason why acquiring a low-precision signal is not considered as insider information. the low-precision signal is not precise enough to allow participants to perform significantly superior to others. If low-precision signals were also considered as insider information in the experiment, the empirical evidence would be inconsistent with the characterization of insider information. After all, the empirical basis for detecting insider information is the superior prediction performance and the abnormal return of insiders [34] .
to consider the heterogeneous effects of insider information, we also run quantile regressions and plot the parameter estimates b 3 of the quantile regressions based on Equation (6) in figure 6 . Similarly, there are nine estimated quantile regressions with 0.1, 0.2, . . . , and 0.9 quantiles. the parameter estimates of the quantile regressions are connected by the solid line, with the shaded area being their 95 percent confidence intervals. the OLS effects estimate shown in table 5 and its 95 percent confidence interval are plotted as horizontal lines on figure 6. we find that when the quantile is low, the positive impact of insider information on prediction accuracy is more pronounced.
H4b predicts that participants who acquire insider information have higher prediction accuracy. Similarly, we test H4b using the following model:
In table 6 , we find that the coefficient on insider is positive and significant, and the coefficient on lsignal is nonsignificant. this result supports H4b and also shows that acquiring a low-precision signal does not significantly improve the earnings. Our result is also robust to the use of bootstrapping in column 2.
the Effect of Network Structures on Prediction Market Accuracy H5 predicts that prediction market accuracy depends crucially on network structures. In our experiment, each group is a prediction market, so we have a total of 36 prediction markets. the accuracy of prediction market g is measured by forecast accuracy:
where F g is the forecast of prediction market g calculated as the average of all four participants' predictions in that market (the manager's forecast accuracy) and V g is the realization of the random variable in market g. we perform a series of t-tests, and the results suggest that a complete network prediction market and a circle-networked prediction market significantly outperforms a star-networked prediction market (t-statistics: p = 0.0014 for complete versus star; p = 0.0001 for circle versus star). we also find that a complete-networked prediction market does not significantly outperform a circle network (t-statistics: p = 0.29). we also adopt another commonly used measure, mean squared error (MSE), in evaluating prediction accuracy. the MSE for each type of network structure is given by the following equation:
where s = 1, 2, 3, 4 (1: nonnetworked environment; 2: star network; 3: circle network; and 4: complete network; for each type of network structure, we have nine prediction markets). we compute the MSE for different network structures: MSE 1 = 0.268, MSE 2 = 0.421, MSE 3 = 0.274, and MSE 4 = 0.302 (note that a higher MSE implies lower prediction accuracy). we find that star-networked prediction markets are outperformed by other types of prediction markets. thus, our results are robust to different measures of prediction market accuracy. to further examine the effect of network structures on prediction market accuracy and test H5, we run the following regression:
where cpl_mkt is a dummy variable indicating whether a prediction market has a complete network, circle_mkt is a dummy variable indicating whether a prediction market has a circle network, and nonnet_mkt is a dummy variable indicating whether a prediction market is a nonnetworked prediction market. Columns 1 and 2 in table 7 show that the coefficients on these three dummy variables are significantly positive. this result implies that star-networked prediction markets are significantly outperformed by other prediction markets in terms of prediction accuracy, and supports H5.
H6 states that insider information contributes to prediction market accuracy, and the effect of insider information depends on network structures. In an experimental study, Qiu et al. [36] found that a complete-networked prediction market outperforms a nonnetworked prediction market in terms of forecast accuracy when the cost level of information acquisition is low. Here, we further explore the impact of network structures on the effect of insider information.
to test H6, we use the difference-in-difference (DID) estimation strategy. the regression model is given by
we present the estimation results from DID in table 8. the independent variable Mkt_Accuracy is the prediction market accuracy. the explanatory variable Insider_mkt represents the number of insider information acquired in this market, and Star_mkt is a dummy variable indicating whether it is a star-networked prediction market. the coefficient on Insider_mkt is positive and significant. It means that the insider information has a positive effect on the prediction market accuracy under network structures with equal degrees. this is consistent with the result of Aktas et al. [3] : Insiders contribute to faster price discovery and market accuracy.
the coefficient on the interaction term is the DID estimator. we use this identification strategy to estimate the effect of insider information under different network structures. the DID approach provides an unbiased estimate of the relative effect of insider information on market accuracy in a star network as compared with other network structures. table 8 shows that the DID estimator is negative and significant. As compared with other network structures, insider information has less positive effects on market accuracy under a star network. the basic result is also robust to the use of bootstrapping in column 2 of table 8. there are two explanations for the poor performance of prediction markets with star networks. first, there is a high dependence of the performance of a star-networked prediction market on the functioning of the central hub. whenever a participant receives information that has a substantial deviation from the truth, the dissemination of such biased information has a negative effect on the prediction market performance. In a star network, when the hub receives information with a substantial deviation from truth, such negative effects will exacerbate and hurt the prediction market performance significantly.
Second, the simple averaging rule of information aggregation is inefficient for a star network. Even though the hub is in the perfect position to aggregate information from other peripheral participants and generates a more accurate prediction than other participants, by putting equal weight on all participants' estimates the simple averaging rule fails to aggregate the estimates efficiently. we find that this inefficiency can reduce the positive impact of insider information on prediction market accuracy in star networks, which supports H6. Such inefficiency is less a concern in a more balanced social network structure. for example, if all participants have equal influence in their communication, such as a circle or a complete network, the simple averaging rule can aggregate information more efficiently.
Acemoglu et al. [1] studied a model in which each individual receives a signal about the underlying state of the world and observes the past actions of a stochastically generated neighborhood of individuals (a random social graph). they showed that a finite group of excessively influential agents (like the central participant in our star network) is an obstacle to the wisdom of crowds. therefore, our experimental result supports Acemoglu et al.'s theoretical conclusions. golub and Jackson [21] showed that large societies can be smart in the aggregate if people avoid concentrating too much on any small group of agents. A general condition is that the influential agent is vanishing as the number of agents grows. In our context, even if the network size is greater than four, the role of the central participant in a star network does not vanish. However, in a circle network or a complete network, each participant has equal influence, and as the number of participants grows, one particular participant's information does not affect the performance of a prediction market significantly.
this experimental result has a direct managerial implication for the business practice of prediction markets: Managers should try to understand the social network structure among the employees to efficiently aggregate their information through internal prediction markets. for example, when the underlying social network structure is more balanced (i.e., employees are equally well connected to each other), then the simple averaging rule should work efficiently and the availability of insider information would be beneficial to the prediction accuracy. If some participants are significantly more well connected than most others, as in a star network, then the simple averaging rule may not work well and the availability of insider information would be less effective in improving prediction accuracy. Of course, identifying the true underlying social network structure within a large organization is itself a big challenge; nevertheless, it is beneficial to glean even a small amount of information about the network characteristics in order to guide the design of the prediction market. Cowgill et al. [15] found that several main factors can significantly influence information sharing among google employees: physical office locations, joint-work relationships, and sharing a common non-English native language. Managers can use these proximity measures to infer social network structures within the organization and improve the design of internal prediction markets for decision support.
the Effect of Public Information Bias on Prediction Market Accuracy H7 states that the negative effect of public information bias is more pronounced when the underlying network is a star topology. we test this hypothesis using the following regression model:
we present the estimation results in table 9. Similarly, the independent variable Mkt_Accuracy j is the prediction market accuracy. the explanatory variable Bias j is a variable measuring the public information bias of each prediction market. In our experiment, all participants share a common prior V ~ N(V 0 , 1/ρ V ). However, the realization of V in each market, V j , could be different from the prior mean V 0 . the public information bias is measured by the difference between the true value of V and the prior mean: Bias j = |V j -V 0 |. the coefficient on the interaction term β 3 is the DID estimator. the identification strategy here is similar to the one used in testing H6. significantly negative, and this result is robust when we do bootstrapping. As compared with other network structures, the negative effect of public information bias is much higher for a star network.
Conclusion
aLtHougH pRediction maRKets Have Been successfuLLy appLied in many areas, they can fail and have been observed to produce misleading results [44] . It is thus critical to understand how to design an efficient information aggregation mechanism and consider various factors to minimize these failures. In this paper, we designed and carried out a laboratory experiment to examine the effect of social network structures on prediction market accuracy in the presence of insider information. we found that the effect of insider information depends crucially on network structures: As compared with other network structures, insider information has less positive effects on prediction market accuracy in a star network. the experimental results further suggest that the negative effect of public information bias is more pronounced when the underlying network is a star topology. the present study has several limitations. Experimental methods tend to impose a strictly controlled environment, and generalization of findings should be done with care. Although the network structures of size four are a useful metaphor for many market environments and have been adopted in a large body of prior literature (e.g., [8, 10, 38] ), these basic network structures are overly simplistic. thus, one important and interesting extension of our research will be to investigate additional networks of larger sizes. Our experiment does not account for the security trading mechanism, which is becoming another important prediction market mechanism and is a natural extension of this work.
Another limitation of this study is the artificial network design. In our present experiments, the participants have no real social connections with their assigned friends. Actually, it is difficult to envision a laboratory study that fully mirrors the circumstances of the external environment of interest. Although laboratory studies may not promise quantitative external validity, they do promise qualitative external validity if the observed relationship is monotonic and does not change direction when changing the level of variables seen in the field relative to those in the laboratory [29] . By focusing on qualitative rather than quantitative insights, our present study uncovers general effects of insider information and network structures on prediction market accuracy. A further research direction is to conduct a hybrid laboratory-field experiment [6] . In our context, a randomized field experiment can address the concern of artificial networks, but it suffers from a lack of strict environmental and contextual controls. the control provided by the laboratory allows us to strip away many confounding factors in the field. A hybrid experiment leverages the advantages of both. By recruiting individuals and their real social network peers in the laboratory instead of employing artificial networks, one can further examine the effects of real social network structures on prediction market accuracy. 
when u exhibits strategic substitutes, a participant's incentive to take a given action decreases as more friends take that action. A participant's utility maximization problem given m i and m N i (g) is equivalent to a predictor error minimization problem. we can obtain the best mean square predictor of V based on S i : where the third equality follows from the assumption that friends' degrees are all stochastically independent, and the first inequality follows from strategic substitutes. then, the existence of a symmetric equilibrium follows from the standard existence proof. Let Σ dec be the set of nonincreasing strategies. we can apply the fixed point theorem to the best response correspondence on Σ dec . the correspondence is non-empty, and convex-valued, and it satisfies the standard continuity conditions.
Appendix B: Experimental Instructions Experiment guidelines
tHis is an economic expeRiment, so it is conducted witH ReaL money. your profit is a direct result of your prediction performance during the experiment. In order to maximize your profits, you need to read the following instructions carefully and use your information wisely.
Experiment Description CREC (Central Real Estate Company) needs to predict the size of the rental market, V, in a large metropolitan area. the internal estimation predicted by employees within the company suggests that the market size, V, is probably around $10 million. figure B1 shows the percent graph of the employees' predictions: Most of them think that the market size V = 10.
As the head of the marketing department of CREC, you may also consider purchasing an evaluation of the market size from one of several outside experts. If you spend $0.5, the expert will give you a prediction that is twice as accurate as the internal prediction. If you spend $1, the expert will give you a prediction that is four times more accurate than the internal prediction.
If you choose to purchase an expert's opinion, you can combine the internal estimation from employees with the expert prediction to get a more precise estimate. Suppose that your prediction is a number x. If you do not purchase expert opinions, your payoff in this round is the more precise your estimate, the higher the payoff you will get. you are free to communicate with other experiment participants on your designated gmail account. you may have 3, or 2, or 1, or 0 group member(s). you can see them on your designated gmail account and can discuss with the other group members through gtalk before making decisions. If your group members purchase evaluations from outside experts, they may provide useful information to you.
After reading the guidelines, you need to make a decision on information acquisition:
• I don't want to purchase an expert's opinion.
• I want to purchase an expert's opinion with low precision at a cost of $0.50.
• I want to purchase an expert's opinion with high precision at a cost of $1.00. then, submit your prediction on the basis of the prior and your signal: Figure B1 . the Percent graph of the Employees' Predictions Copyright of Journal of Management Information Systems is the property of M.E. Sharpe Inc. and its content may not be copied or emailed to multiple sites or posted to a listserv without the copyright holder's express written permission. However, users may print, download, or email articles for individual use.
